Over the last decades, great attention has been devoted to the CO 2 injection to enhance oil recovery. Recycling CO 2 into oil reservoirs provides an excellent option to store this gas in subsurface formations and also improves oil recovery. Successful design of a miscible CO 2 flooding project mostly depends on accurate determination of Minimum Miscibility Pressure (MMP). In the present study, using multi-gene genetic programming together with a comprehensive sensitivity analysis, a model was developed that provides an accurate estimation of MMP for a wide range of reservoir temperatures and oil compositions. This model utilizes temperature, molecular weight of C 5+ compounds, and ratio of volatile to intermediate oil fractions as input parameters. Accuracy of correlation was tested versus experimental data and those of other correlations. Results show that the new model assumes a lower error than other published correlations. Based on the results of the present study, it can be asserted that the proposed model is able to predict CO 2 -oil MMP with a high accuracy when the experimental data are not available.
INTRODUCTION
Miscible gas injection could be used as an effective enhanced oil recovery (EOR) process for light oil recoveries. Recycling of CO 2 into oil reservoirs enables excellent storage of this gas in subsurface formations and also improves oil recovery.
which is constrained to use temperature as the only correlating parameter. Their experimental observations led to the deduction that oil composition had little or no effect on the CO 2 -oil MMP. Holm and Josendal's analysis (1982) showed that Yelling and Metcalfe's conclusion was based on experiments with recombined light West Texas oil having varied light, intermediate, and heavy oil fraction percentages but constant composition of the heavier fraction. This finding led Yelling and Metcalfe (1980) to the conclusion that heavier oil fractions have a minor effect on CO 2 -oil MMP. Holm and Josendal (1982) demonstrated that multi-contact miscible displacement is due to extraction of C 5 through C 30 hydrocarbon fractions from oil by CO 2 . Consequently, in addition to temperature, the amount and type of C 5+ fraction have a considerable effect on MMP. They also stated that the presence of volatile components increases MMP while intermediate fraction reduces it. Orr et al. (1983) pointed out that type of molecules present in the C 5+ oil fraction has a negligible effect on CO 2 MMP and the molecular size distribution is more important than molecular type.
Finally, Dong et al. (1999) stated that the ratio of volatile to intermediate oil fractions must be taken into account. This inference was also dictated by Alston et al.'s slim tube experiments (1985) . Their experiments proved that there is a significant correlation between ratio of volatile to intermediates and MMP. Alston et al. (1985) also reported that molecular weight of pentane plus fraction (MWC 5+ ) is a better correlating parameter than API and molecular weight of heptanes plus fraction (MWC 7+ ). Therefore, based on the above discussion and data availability, the following parameters are chosen for developing the new MMP model: 1 reservoir temperature, 2 MWC 5+ , 3 volatile (C 1 and N 2 ) to intermediate (C 2 -C 4 , H 2 S and CO 2 ) ratio.
GENETIC PROGRAMMING
Genetic programming (GP) became adopted worldwide thanks to the works carried out by Koza (1994) . GP is very similar to genetic algorithms (GA) and evolves tree structures to perform a task. This technique works by randomly generating a population of symbolic trees and then mutating and crossing over the best performing trees to create a new population. This process is iterated until the population contains trees that solve the problem appropriately (Searson et al., 2010) . Generally, a tree can represent a rule set (Weise, 2009 ), a mathematical expression (Hii et al., 2011) or a decision tree. Program compilers can read the source code of a computer program, then split it into tokens, parentheses tokens, and finally, create a syntax tree. Thereby, a computer program can represent as a tree structure. GP is one of the few techniques capable of learning solutions of complex real world problems such as nonlinear regression. Furthermore, it often offers white-box solutions that are interpretable for humans. Other intelligent approaches like artificial neural networks, for example, generate black-box models.
When the task is to construct an empirical mathematical model of the data acquired from a process or system, the GP is often known as symbolic regression. Unlike traditional regression analysis (in which the user must specify the structure of the model), GP automatically evolves both the structure and the parameters of the mathematical model (Searson et al., 2010) .
Multi-gene GP
In contrast to Standard Genetic Programming (SGP), each symbolic model in multigene GP is a weighted linear combination of the outputs from a number of SGP trees. Each tree may be considered as a gene in the overall genome. The mathematical form of the multi-gene representation is written below and the full descriptions and features are reported by Searson et al. (2010) and Hii et al. (2011) .
Where Y p is the output predicted by model, d i is the weighting coefficient of ith gene, G i is the ith gene, n is the number of genes and d 0 is a bias term (Hii et al. 2011) . For example, the multi-gene model illustrated in Figure 1 
A CO 2 -oil minimum miscibility pressure model based on multi-gene genetic programming Figure 1 . Tree structure of a multi-gene symbolic model.
The user can control the complexity of the model by determining maximum number of genes and maximum tree depth. Hii et al. (2011) demonstrated that controlling the maximum depth and node number allows the evolution of compact models via combination of low-order non-linear transforms of the input variables. Hence, multi-gene GP is superior to other classical GP methods, GA, and neural networks because it combines the power of linear regression with the capability of non-linear methods without needing to pre-specify the model structure. In the current work, a modified version of GPTIPS toolbox written in MATLAB software is used for performing the study.
Fitness assignment
To achieve a suitable model in terms of accuracy and complexity, especially when data are scarce, the data must be divided into n parts. Then, "n-1" parts are used for training and the last part is used for testing. This procedure should be performed n times and the average test error is computed for these n times at the end. This method is terminologically referred to as "cross validation (CV)". CV avoids over-fitting and under-fitting problems and results in a tradeoff between the accuracy and complexity of a model (Nelles, 2002) .There are some merits namely information criteria that are good alternatives for computationally prohibitive CV method. When an information criterion is used, the data are not split into different parts. Rather, training is performed on the whole dataset. Some information criteria such as Schwarz-Rissanen Criterion (SRC) might be applied (Asadi et al., 2011) . SRC is used in the current work for assigning the fitness value to each individual, given by:
Where MSE is mean square error, N is the number of training samples and Nm is the number of model parameters. In other words, Nm is an index to determine the complexity of model. In the current study, Nm is the number of nodes in the obtained tree.
MODEL DEVELOPMENT AND VALIDATION
As stated before, GP is employed for modeling the MMP as a function of temperature, MWC 5+ and volatile to intermediate ratio. To summarize, the main GP parameters used in the present study are included in Table 1 . In the following work, a total of 43 data were collected from 12 published papers reported in the literature without any manipulation or massaging as presented in Table 2 . Data sets cover a wide range of reservoir temperatures and oil properties. These datasets encompass a reservoir temperature from 90˚F (slightly upper than CO 2 critical temperature) to 279˚F, C 5+ molecular weight of 136 to 261, intermediate oil fraction mole percentage from 10 to 78, and volatile oil fraction mole percentage from 10 to 45.
Corresponding to the descriptions given in section 3.1 (above), the function set used in model construction includes both linear and nonlinear operators (addition, subtraction, multiplication, division, natural logarithm, exponentiation, square root, square, power operator, and etc.). Temperature, MWC 5+ , volatile to intermediate ratio, and a random number are set to the terminal operators. Fitness values are assigned to trees according to fitness assignment technique that considers both the accuracy and complexity of regression trees. After running the GP, the best resulting expressions (trees) are given as follows:
Where T is the reservoir temperature in ˚F, MW is the molecular weight of pentane plus oil fraction and R is ratio of volatile to intermediate oil fraction. The expressions given above are the best models of MMP in terms of T, MW and R. Table 3 presents a comparison among the best GP expressions. Expression (2) was selected as the final model because of having a relatively lower error. Also, as clearly seen, this function is not complex because the maximum depth of trees and also the number of nodes in ( ) Continue trees were controlled (by means of complexity term in fitness assignment). Therefore, this obtained function is both accurate and simple enough. Its accuracy via error merits is given in the next section.
RESULT AND DISCUSSIONS
The best model was tested versus experimental data and results of other commonly used correlations, notably Shokir (2007) , Emera and Sarma (2005) , Alston et al. (1985) , Yelling and Metcalfe (1980) , and Cronquist (1978) , as presented in Table 2 . As observed, the GP-based model yields the best MMP prediction among other tested correlations. The new GP-based model exhibits the best match with a mean square error (MSE) of 16500 and an absolute average relative error (AARE) of 4.34%, followed by Shokir (2007) model with a MSE of 93000 and an AARE of 7.4, Emera and Sarma (2005) model with MSE of 92000 and AARE of 8.13, and in decreasing order, those of Alston et al. (1985) , Cronquist (1978) and Yelling and Metcalfe (1980) . Table 4 indicates a comparison among accuracies of GP-based model and other correlations over all data. It is revealed that the new model predicts CO 2 MMP with accuracy above 90% for 93% of data while other correlations have substantially greater errors. The maximum error of GP-based model is only 20% compared to Shokir (2007) In addition to the model development technique, the accuracy of a model is also dependent on the accuracy of data used to develop the model. In the present work, a wide range of data collected from different experimental techniques is used for developing the model (all data with their references are mentioned in Table 2 ). As implied before, difference in experimental techniques, procedures and interpretation criteria can lead to different CO 2 MMP values for the same oil samples. Comparing the predicted MMP of the new model with those of standard and reliable experimental methods, the accuracy of the model improves remarkably.
The GP-based model is developed using a relatively large database compared to other CO 2 MMP models. Although data used in the current work include the whole data of Shokir (2007), Emera and Srama (2005) and Alston et al. (1985) models, the new GP-based model yields a more favorable accuracy. This large diversity of data and relatively small error in predicting CO 2 MMP indicate that the new model could be deployed as a reliable CO 2 -oil MMP determination method.
SENSITIVITY ANALYSIS
Sensitivity analysis is a well-established requirement of any scientific model. Sensitivity analysis is used to assess the influence of model parameters on the model outputs. The higher the correlation between any input variable and output variable, the more significant the influence of that input on determining the output value. To evaluate the effect of varying oil properties on CO 2 -oil MMP, a sensitivity analysis was performed based on rank correlation coefficient over all data. Figure 3 shows the sensitivity of MMP to reservoir temperature, MWC 5+ , volatile and intermediate oil fractions. These results also confirm the findings of previously published works (Shokir, 2007; Alston et al., 1985) . It can be observed in Figure 3 that higher pressure is required to achieve miscibility for oils with larger volatile components because increase in the volatile content reduces efficiency of CO 2 in extracting the oil components and extends the immiscible flooded region (Holm and Josendal, 1982) . The MMP is also affected to a lesser degree by intermediate oil fractions. Presence of intermediates leaves a negative effect on CO 2 miscibility. MMP decreases as the intermediates mole fraction increases. Figure 4 illustrates the high sensitivity of CO 2 MMP to the ratio of volatile to intermediate oil fraction. Results suggest that the ratio of volatile to intermediates has a major effect on CO 2 -oil MMP. This is also consistent with the experimental studies of Alston et al. (1985) and Dong et al. (1999) .They reported that accuracy of CO 2 -oil MMP model can be essentially improved using a ratio of volatile to intermediate in model development.
CONCLUSIONS
Using a large number of published data, a new model was developed for determining CO 2 -Oil MMP as a function of temperature, MWC 5+ , and volatile to intermediate ratio.
The new model was validated against experimental data and other correlations. It was found that the respective model yields the best results in comparison to alternative and newly developed correlations. Furthermore, the following conclusions can be drawn from the present study:
(1) Although determination of the best correlating parameters significantly affects the correlation accuracy, the cost of obtaining these parameters should be also considered. The cost of some data acquisitions is usually higher than the cost of measuring CO 2 MMP directly. The CO 2 -oil MMP was found to be most sensitive to reservoir temperature, followed by ratio of volatile to intermediates, and least sensitive to molecular weight of oil C 5+ . Since there is no restriction in model structure and parameters in developing models with GP, this approach seems to be more accurate and compatibly efficient compared to GA in developing petroleum-oriented models when the relationship between the parameters is not clearly known. This new model predicts CO 2 -oil MMP with a sufficient accuracy, and in the absence of any measured data, the new model could be employed confidently for screening the candidate reservoirs for CO 2 flooding and also designing the experimental setups.
ACKNOWLEDGMENTS
The authors wish to acknowledge financial support provided by Pars Oil and Gas Company (POGC). Correlation coefficient values close to 1 is a representative of strong positive relationship between the data columns X and Y. Hence, an increase in x is always accompanied by an increase in y, while in the case of negative correlation coefficient, an increase in x is always accompanied by an decrease in y. Values close to or equal to 0 suggest there is no linear relationship between the data columns.
(2) Mean Square Error: MSE is a risk function, corresponding to the expected value of the squared error loss or quadratic loss. 
